ABSTRACT As the demand for mobile traffic is growing, radio frequency bandwidths often become insufficient for guaranteeing specific performance. Utilizing unlicensed 5 GHz broadband bandwidths, the LWA system enables the synergistic use of LTE and WiFi systems based on link aggregation techniques, without critical deterioration of service quality. This provides considerable benefits to the mobile operators when they successfully operate two networks and maintain an optimal balance in managing network resources. This study addresses balancing and fairness for newly emerging LWA systems. In particular, we develop a two-stage LWA access framework based on the Nash bargaining game. The framework further improves fairness and efficiency in the LTE-WiFi resource utilization by incorporating user segmentations on the basis of user characteristics, such as service contract and usage patterns. Extensive experiments using a network simulator with an NS-3 unlicensed band produce good performance in terms of fairness and efficiency. The proposed scheme demonstrates better outcomes compared to the existing methods while concurrently using radio resources in the LWA system in a fair manner. Moreover, our approach presents a simple and fast decision-making process and requires simple user profiles-contract status and traffic generation history. Therefore, the proposed scheme is far lighter and more flexible than traditional approaches that require extensive information exchanges between heterogeneous networks.
I. INTRODUCTION
The widespread use of mobile devices and various highquality contents have led to a significant increase in mobile data traffic. In particular, VR/AR media and personal video streaming, such as Facebook Live, have led to an exponential increase in network traffic. A report by Cisco indicated that mobile connections will reach 11.5 billion cases and global mobile data traffic will exceed 24.3 exabytes in 2020 [1] . The explosion of mobile data traffic increases the need of additional wireless bandwidth. Licensed wireless bands are an excellent resource for providing good quality service, but actual availability is very limited. Limited amounts of licensed bands are allocated to mobile operators in accordance to strict governmental regulations (e.g., 20 -40 MHz for a single LTE operator). Most of the mobile operators attempt
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to utilize an unlicensed spectrum to provide additional capacity for LTE service. The unlicensed spectrum is particularly appropriate for indoor environments, and it becomes a key market for mobile operators (approximately 80 % of wireless data is consumed indoors [2] ).
In this situation, utilizing the WiFi for user traffic in a synergistic manner, such as the case of the LTE and WiFi link aggregation (LWA), is a very attractive alternative to network operators. In fact, Chunghwa Telecom launched the world's first commercial LWA service in April 2017. In its early stage, some selective LWA hotspots had been deployed in three major cities of Taiwan. They were collocated with WiFi access points (APs) that were originally deployed for Chunghwa Telecom's WiFi service [3] .
LWA provides a stable mechanism for coexistence with other networks on the basis of well-established WiFi protocols and ensures compatible (exceptionally fast in most cases) data rates, especially in conjunction with LTE. Indeed, LWA is able to aggregate the packet data convergence protocol (PDCP) flows so that the packets in one PDCP stream can be simultaneously transmitted over both the LTE and WLAN links. Furthermore, the unique capability of the synergistic use of LTE, WiFi, and traffic aggregation, is distinguished from other technology alternatives, such as the multipath transmission control protocol (MPTCP), which mostly performs the aggregation procedure at the session layer. In particular, per PDCP PDU split feature of the LWA allows itself to rapidly adapt to radio and traffic fluctuations in both the LTE and WLAN downlinks since its operations utilize information generated not only from LTE but also from WiFi links. However, this sophisticated feature of the LWA system cannot be fully maximized without an effective scheme of joint resource allocation over LTE and WiFi. Accordingly, the mobile operators running this system need to develop a new traffic management framework, including an LWA flow control mechanism, and an effective sorting of active users.
In this study, we consider network access control and traffic management where multiple wireless access technologiesWiFi and LTE-coexist in a cell (or a region), such as for example, load balancing between two networks that exhibit different service characteristics in terms of bandwidth, coverage, pricing, and QoS support. In interoperation situations, as indicated above, the traditional regime is to increase performance by providing a wide bandwidth with a single connection. However, in light of the evolution of network technology and management, the core aspect of network resource provisioning here is network collaboration, which can be broadly defined by assigning a mobile device (simply a user) or part of the device functions (e.g., a specific application of a device) to multiple wireless networks for user satisfaction. The concerns have shifted from the provision of connections to the efficient management of network resources for users, and finally toward incorporating fair and effective resource usage for users. These shifts were focused on network operations that arose from changes in services, technologies, and user preferences. The ideal decision objectives of network operators include not only the satisfaction of all the user requirements, but also the effective and fair utilization of network resources. Note that, this does not necessarily mean maximizing network resources.
To cope with new challenges, we need a new approach to network access control and traffic management for a network operator who manage two different access technologies: WiFi and LTE in the context of the LWA system. The main objective of our approach is to effectively distribute incoming traffic flows over LTE and WiFi links. Our primary strategy to achieve this goal is to decompose the entire decision into a couple of modules and organize decision procedures in a step-by-step manner. The whole decision model is composed of the top-level decision module for efficient and fair load balancing between LTE and WiFi and the bottom-level decision module for effective allocation of LTE network resource. Since those links are subject to frequent changes in bandwidth requests and service conditions (e.g., latency or interference), however, their actual capacities may fluctuate. Thus, network operation needs fast decision-making to adapt itself to changing situations flexibly. For the sake of system speed, we develop a simple, fast algorithm that integrates the two-stage in one step. Furthermore, we incorporate the user segmentation procedure that classifies users into a couple of categories or groups (based on a metric to be introduced) into the proposed algorithm. Accordingly, the overall framework makes it easier to assign a proper link to each traffic flow, while maintaining the total throughput rate within a specified range. In addition, the user segmentation combined with the traffic management module considers user characteristics of service contract and traffic generation and eventually drives users to appropriately consume network resources.
This study is organized as follows. The next section explains the backgrounds of the decision situation in view of the literature reviews on relevant prior studies. Section III presents our model and approach to resolve the decision issues. Experiments and analyses of our proposed framework are discussed in the following sections. Lastly, we conclude this study by introducing some insights for network operators and policy authorities.
II. RERATED WORKS
Many prior studies on LWA focused on the delayed offloading [4] - [7] . With an extended deadline, users have higher chance of accessing WiFi networks, which could increase the amount of offloading data. In delayed offloading, users prefer to access the LTE when the deadline is tight rather than to choose the low-rate WiFi [4] . For example, Liu et al. [8] considers LWA with WiFi offloading to hit the balance between payment level and quality of service (QoS) requirement. They formulated multislot mode selection as a finite horizon Markov decision problem, and lowered the user payment with a QoS guarantee. This approach naturally entails a sort of usage-based pricing [9] , [10] , which is known to have an advantage for efficient resource utilization in general. In fact, many telecom operators, such as Verizon Wireless, China Mobile, and SK-Telecom, proportionally link the payment level with the amount of data available for a specific period (e.g., a month). Owing to this pricing mechanism, users endure slow download speeds and restrictions on high-speed transmissions. Thus, the greatest advantage of WiFi comes from its free-of-charge nature. The mobile operators have also begun to explore ways to integrate this advantage of WiFi with their network resources, and thus provide these as a service portfolio to users.
In view of this background, LWA technology has been developed and several global operators, such as Chunghwa Telecom, have begun to actively deploy it for their network services. In addition, we now observe several academic studies on LWA operations. For example, Singh et al. [11] proposed and demonstrated a simple optimal algorithm for traffic splitting and aggregation in LWA. The algorithm maximized network-wide proportional fairness based on the use of a logscale throughput function. The traffic allocation only focused VOLUME 7, 2019 on the fairness of macro cells. They did not consider the fair traffic offloading of small cells, which have an essential role in the collaboration of LTE and WiFi. Conversely, some studies have focused on the delay difference between the LTE and WiFi transmission paths. To reduce the delay difference, the study assumed that it is possible to redesign the radio link control (RLC) and the radio resource management (RRM) layer of the LWA. Sharma et al. [12] proposed a queue management scheme to reduce the out-of-delivery transmissions, while Lin et al. [13] designed a delay-sensitive switching structure between LTE and WiFi. Balan et al. [14] proposed an adaptive management scheme for WiFi and LTE resources depending on the radio conditions, such as the radio signal strength index (RSSI) for the WiFi and signal-to-interference noise ratio (SINR) for LTE around the users who stayed in both regions. The adaptive transmission mode selection assigns a transmission mode to each user in such a way that the better radio link is assumed to be dedicated to the user. In addition, this study considered that the cell load limit did not exceed the cell capacity.
The aforementioned works have their own merits and present meaningful insights. However, they assume somehow restrictive situations that do not match the practical operations of the LWA system. For example, the approaches in [8] and [11] require the estimation of available licensed bandwidth and the exact load over the WiFi network, both of which could not be perfect if the rapidly changing radio environment and users' behaviors are considered. Other prior works [12] - [14] , also assumed the existence of inter-cell interfaces (e.g., Xw interface: 3GPP TS36.465, E-UTRAN, and WLAN-Xw interface user plane protocol) for information exchange necessary for running their algorithms. Unfortunately, frequent measurements from the WiFi networks and information exchange via a separate interface are unrealistic. The hardware and software limitations of the LWA system (especially, small-cell LWA networks) prohibit sufficient inter-radio access technology (RAT) measurements and separated physical interface across heterogeneous networks. Conversely, the analytical channel access model using Markov chains [8] and the proportional fairness (possibly) achieved with log-scale objectives [11] assumes a simple operational environment. However, the spatial and temporal complexities in their solution mechanisms could not fully address environmental variations.
Our approach considers the practical operational conditions and limits of the LWA system as well as the frequently changing environment. For this purpose, we develop a simple and fast scheme for load balancing and resource allocation based on the bargaining game theory. In fact, the game theory has been extensively applied to practical network management thanks to the nature of its solution, including its simplicity and robustness. Simple solution concepts in game theory make the implementation easy and stable. Furthermore, the theory has been developed for dealing with efficient and fair resource allocation especially when some contentions over the resource are prevalent, particularly in the areas of admission control and load balancing for the sake of efficient management of scarce resources, such as bandwidth and frequency. For example, Lin et al. [15] provided typical noncooperative game solutions in order to address resource allocation and call admission control (CAC) for a single network operator. Niyato and Hossain [16] applied similar methods for managing the resources in the environment of IEEE 802.16 networks.
However, our decision context for employing the game theory, is quite different from those in previous studies for the contention with a single resource type. First, the characteristics of the LWA system allow us to employ a cooperative game model instead of non-cooperative games thanks to the existence of a control tower (eNB) for resource allocation in the system. In particular, the Nash bargaining game can be applied to the LWA system for serving the bandwidth requests from multiple users. The number of prior studies using the cooperative game theory for network management, however, is relatively small compared to the cooperative game theory. For example, Niyato and Hossain [17] dealt with an issue of network resource management in a cooperative game regime. It considered the Nash bargaining solution for an option such that a single provider could apply resource distribution over many users. Khan et al. [18] , [19] present algorithms for resource allocation problem based on the Kalai-Smorodinsky bargaining solution. These studies consider the situation of multiple network providers competing for acquiring users with the same network technology. Khan et al. [19] decomposed the entire set of decisions into two phases: network provider selections in inter-operation games and resource allocations in intra-operator games.
Our approach looks similar to Khan et al. [19] at first glance. However, our decision context involves heterogeneous networks (or network access technologies) run by single operator, which require quite a different approach from the prior studies. In the case of the LWA system, users' requests could be served by multiple network technologies simultaneously, while the network collaboration decision is made by the single operator (in cell-by-cell basis) with different objectives from those of its users. Thus, the decisionmaking should not be a simple allocation of the requested bandwidth over available networks but converted into a dynamic resource allocation to its active users in a fair and efficient manner. Our approach can also be extended into designing intelligent network collaborations and resource allocations in heterogeneous networking environments.
III. LWA OPERATIONAL FRAMEWORK BASED ON NASH BARGAINING MODEL
We consider a single mobile operator with two access technologies, namely, LTE and WiFi. Two access networks exhibit different service nature, such as bandwidth and revenue generation. The operator develops an operational strategy in one representative cell with these two access technologies. Technically, the decision entity is eNode B (eNB) which performs the resource allocation as well as the admission control. This entity is responsible for provisioning resource to new call (a user) or session (an application) as well as maintaining proper QoS or other service requirements predefined in the user profile or service contract specification. This section first presents a theoretical decision framework for the eNB (see Figure 1 ) and then integrates decisionmaking modules in the framework to develop practical algorithms for effective and fast execution. 
A. OUTLINE OF DECISION FRAMEWORK AT eNB
With the given capacities of network technologies, such as C W (WiFi) and C L (LTE),the eNB knows all the profiles of the incoming bandwidth requests from the K users or applications, r k 's, with k= 1, · · · ,K (to save the notations used, K also represents the corresponding set) and r k ∈ [0,r], wherer is the maximum bandwidth predefined by the network operator. Correspondingly, C L and C W can be regarded as constants at the decision points. In fact, the bandwidth request and the opportunity cost from user k are changing over time. Thus, they may be distinguished based on time. In our approach, however, it is natural to assume a welldefined and very short time period-technically of the order of 100 ms (refer to our simulation environment), during which all the parameters in the profiles are frozen and considered to be constants.
Each profile associated with r k has an opportunity cost, p k , which represents the value of the residual LTE capacity of the user or application k (p k depends on used traffic volume of user k until time t. we will redefine p k to a time variant opportunistic cost with traffic generation, p t k (v t k ) in section IV). Equivalently, p k is nondecreasing over a business period (usually a month), as user k consumes LTE network resources. Therefore, a user or application with a high p k is likely to quickly deplete its available LTE resource during the remaining contract period. For this reason, it is not fair to treat users with different p k 's the same. p k is calculated and updated in real time by the network operator on the basis of the corresponding user's contract with the operator. We will try and experiment different rules for p k (i.e., different functional shapes of p k , see Table 4 ) in the sections IV and V. Accordingly, p k varies over time, but we can regard it as a constant term at the decision point. These profiles are updated on the basis of a predefined time period (e.g., 100 ms). Fig. 1 depicts the outline of the overall decision framework at the eNB, which is composed of two steps. The eNB first assigns each connection request to the appropriate network(s). The LWA system theoretically allows one connection request to be split into two networks. As a result, the eNB produces two groups, W for WiFi and L for LTE (they may overlap). This is the top-level decision to be performed by the decision model called OLB-T (Optimal Load Balancing at the top-level). The eNB then determines the LTE resource (bandwidth) allocations to the members in group L. This decision module is called NBG-B (NBG at the bottom level).
Once the top decision module (OLB-T) splits the entire traffic into two groups, namely L (for accessing the LTE network) and W (for WiFi), the eNB has nothing left to manage in W in reference to the traffic W . The top-level decision should also consider the multi-dimensional fairness concerns occurring when sharing two different resource pools and address possible problems (e.g., contention and degradation of services) on both networks in advance. Since the eNB fully controls the traffic in L, OLB-T first needs to consider accommodating as much traffic as the current LTE network capacity C L can handle. Otherwise, the opportunistic behavior (i.e., sending out more traffic to WiFi) of the network operator will exhaust the public network resource, which would incur an adverse effect on the operator. At the same time, OLB-T also needs to consider the usage patterns of users recorded in their profiles. Indeed, it is fair for user or application k with higher opportunity cost (i.e., high p k ) to be guided (at least some portion of its traffic) to WiFi for the sake of user k's future usage of LTE bandwidth based on its remaining resource availability.
The network operator does not need to consider revenue optimization in our framework since it does not directly affect the revenue stream irrespective of the splitting pattern. However, allocating more traffic to the WiFi is (indirectly) beneficial to the operator as it will save the LTE operator resources, thereby maintaining service quality. Conversely, the operator should not allocate too much traffic to the WiFi since it is not justifiable in terms of a fair use of the common resource pool (i.e., WiFi) that multiple network operators share. Such opportunistic behavior will lead to the tragedy of the commons (see Hardin [20] ) and eventually degrade the overall service quality. Therefore, the decision objectives of the eNB include keeping the long-term service level in good condition as well as guiding the users for the sake of fair use of LTE resources.
B. OPTIMAL LOAD BALANCING AT THE TOP DECISION MODULE (OLB-T)
The main goal of this decision module is to split the entire traffic into two groups, L and W . Once the eNB determines VOLUME 7, 2019 the set L, W is automatically determined (with duplication allowed) because the eNB knows the full traffic profile. OLB-T aims at determining two groups L and W , each of which accommodates as much traffic as C L and C W can handle, respectively, while minimizing the opportunity cost, p k . The experiment results in the next section show that the future failure risk of user k is well captured by the notion of opportunity cost p k recorded and updated in user k's profile.
Thus, the decision objective is to select a subset L (⊆ K ) of users and to determine the traffic configuration of L, which minimizes the sum of the corresponding opportunity costs:
The traffic configuration of L is represented by the vector γ = (γ k ) k∈L , which should satisfy the following two constraints:
is a policy parameter controlled by the eNB (withoutC L orC L = 0, opportunistic operators may exploit WiFi resource).C L may be iteratively adjusted by the bottomlevel decision module depending on the condition of WiFi. This decision module allows the splitting of the traffic from one user into two substreams, each of which is assigned to one access network. As a result of the split decision of OLB-T, the associated traffic requests need to be updated: for example, r k may be divided into r W k and r L k , where
In the next decision module, i.e., NBG-B, r k reduces to r L k (= γ k ), that is, the modified (or residual) bandwidth requirement of k.
Note that the decision model OLB-T can be reformulated as the following mixed integer programming (MIP) problem formulation of OLB-T (MIP-OLB):
where x = (x 1 , · · · ,x K ) determines the selection of user k, and M is a sufficiently large number (e.g., M > maximum value of r k 's). The constraints (M1) and (M2) are used for the transformation of the generic OLB-T into the MIP formulation. Then, L * , the solution set of OLB-T can be determined by selecting j's with γ * j > 0 in the optimal solution of (MIP-OLB) together with their corresponding γ * j 's for r L j . Since (MIP-OLB) is not an easy problem to solve efficiently, we develop a simple greedy heuristic to find a good feasible solution in a very short time.
C. NASH BARGAINING SOLUTION AT THE BOTTOM DECISION MODULE (NBS-B)
The primary goal of this module is to allocate the LTE resources fairly. The fairness here has a different meaning from the previous stage (OLB-T) and implies relative equivalence and proportionality in terms of the modified bandwidth requirement γ k 's (i.e., the output of OLB-T). Along this line, γ k itself can be a proxy of k's maximum utility or payoff in the Nash bargaining game with C L as the stake of the game. That is, given γ k 's and C L , the bargaining problem is to find a pair of (S (γ , C L ) , d), where S (·) represents the set of all the feasible distributions of the LTE resource C L and d is the vector of disagreement points. In the decision context here, we can set d = 0, which means that disagreement degenerates to nothing. In other words, no request that rejects the proposed allocation scheme can attain bandwidth, and this is a natural interpretation of disagreement in the network resource allocation.
Let π k be the bandwidth allocated to user k at this module. The vector π D (π k ) k∈L denotes a possible allocation of the bandwidth to these requests for which the bandwidth resource (the capacity stake C L ) is bargaining for. In order for π to be feasible (i.e., π ∈ S (·)), it should satisfy the following two conditions. First, each allocated π k should not exceed the amount of its request γ k . Second, the sum of allocations should not exceed the capacity C L .
Now, we incorporate the notion of Kalai-Smorodinsky solution (hereafter, KSS [19] [21] [22] ) as the unique outcome to the decision module of NBG-B. Let S * be the subset of S (·), of which all the elements satisfy the condition (C4) at equality. Thus, ifπ ∈ S * , then j∈Lπ j = C L . We denote S * as the efficiency surface of S (·). Thus, KSS is the point of the intersection between S * and the line connecting two vectors γ and d. More formally, KSS π * is the element of S * and π * = µ * γ , where µ * is the maximum value of µ, such that d+µ (γ − d) ∈ S (·) (see references [19] , [21] , and [22] ). Thus, the value of π * k for a fair allocation of the resource at NBS-B is defined as follows:
Incorporating KSS, the LTE resources are proportionally distributed over the bandwidth requests. The sum of proportionally allocated bandwidths is equal to the capacity (i.e., condition (C4) i∈L π * k ≤ C L is satisfied at equality) since the α * k 's actually denote the normalized weights whose sum equals 1 (thus,π ∈ S * ). Furthermore, the individual constraint (C3) is also satisfied with π * k 's since the requirement configuration at OLB-T (i.e., the input of NBG-B) results in manageable scale of traffic volume. These properties make the entire scheme of this decision module (NBS-B) a trivial bankruptcy problem. Thus, the final solution from the two decision modules possesses desirable properties including what KSS has: Pareto efficiency and fairness in the sense of proportional equivalence.
D. IMPLEMENTATION ISSUES AND ALGORITHM
In practice, the feasibility in resource allocation could be violated as situation in the cell changes: for example, arrival of a new user and leaving of a current user. As a result, some constraints above could not be satisfied, and the eNB needs to respond to handle the changing states. The policy parameter C L at OLB-T could be utilized to control this situation. The generic implementation sequentially and iteratively executes the two modules by updating (decreasing or increasing)C L until finding the best solution. For example, with initially settingC L = C L , when infeasibility is detected at NBG-B, OLB-T and NBG-B iterate back and forth until all the constraints are satisfied (C L is reduced byγ = max j∈L γ j and moves back to OLB-T to re-split the entire traffic with newC L ).
In our experiments in the next section, however, we employ a simpler and faster solution method which needs just one step. In other words, a simple greedy heuristic that finds a good solution to (MIP-OLB) makes it possible to integrate the two decision modules into one step, as shown in the following algorithm description. This modification dramatically simplifies the implementation and makes the overall execution faster. Note that the sorting procedure to get the List OL below dominates the computational complexity of the proposed algorithm. Thus, the proposed algorithm shows the computational complexity of O (K log K ), where K is the number of connection requests. However, in exchange for speed, the proposed algorithm sacrifices the optimality of OLB-T decision as well as the flexibility that allows splitting traffic. That is, the eNB now splits all requests into non-overlapping groups of L and W .
We also employ a simple transition procedure to adapt to a situation change rapidly. Let L c be the set of indices which miss some conditions at NBG-B due to a situation change. Then, the following simple rearrangement of the sets L ← L − L c and W ← W ∪ L c at OLB-T presents a good base for the restart point of the algorithm. Our experiment outcomes show that this simple rearrangement works well when implemented together with regular refresh in every short time period
IV. USER SEGMENTATIONS
Telecommunication services between network service providers and users are provided based on open contracts between them. Tariff or service fee constitutes the core part of the contracts. Tariffs vary from country to country and company to company, but they are usually classified into two categories: flat rate and usage-based charging. Many wired 
communication services, such as fixed-home Internet and IPTV employ flat rate systems. Conversely, most mobile communication services provide two-part tariff systems that are designed on the basis of usage-based charging. In the latter, user tariffs depend on the contracts with their service providers. The contracts typically include traffic volume provisioned over a fixed time period (e.g., a month) guaranteed by the operators. For example, one of most popular (and common) service offerings in South Korea provides 6 GB per month for approximately 50 USD.
These service-and-charging practices are not an exception under the LWA systems. Given the purpose of deploying the LWA system, this system will be able to achieve greater performance through effective user segmentation. Hence, we incorporate an effective user segmentation scheme based on user payment profiles into the proposed balanced access model. Furthermore, since the LWA systems operate with flexible volume limits compared to the typical LTE systems, taking user conditions into account produces increased efficiency. For example, when the resource consumption of a user exceeds the contract limits (e.g., 6 GB per month), our LWA scheme automatically directs some traffic to WiFi for further use.
Network operators usually suppose that users paying higher service fees should request large volumes of data. However, the actual traffic pattern does not perfectly match the volume contract of the corresponding user. That is, a user with a low-volume contract could be a heavy traffic generator, and vice versa. Owing to the soft and flexible management of volume limits in the LWA system, users are apt to exploit the LTE network resources, regardless of their data volume contracts (the quality performance of LTE is generally higher than that of the WiFi). Thus, use of a control mechanism for preventing the over-exploitation is inevitable for effective operations of LWA services. The user segmentation is a typical tool for this purpose and complements the fair resource usage. Along this line, we classify users into multiple groups VOLUME 7, 2019 FIGURE 2. User group separations. The individual boxplot of figure 1(a)(b)(c) based on the following two dimensions: the resource consumption (or traffic generation) and the contract profile (refer to Table 1 ). The proposed access control method together with the user segmentation scheme will allocate network resources fairly to users, while maintaining a high level of benefits to mobile operators. Table 1 shows a 2 × 2 user segmentation paradigm. Four user groups are defined on the basis of the two dimensions, each of which is assumed to take two levels for the experimental demonstration of our scheme. That is, two levels of resource usage patterns or traffic generation-heavy (H) vs. light (L)-and two types of service contract-large volume (L) vs. small volume (S)-thereby presenting four groups (user segments), including a large volume contract and heavy traffic generator (HL), a small volume contract and light traffic generator (LS), a large volume contract and light traffic generator (LL), and a small volume contract and heavy traffic generator (HS). Therefore, users of group HS are more likely to behave opportunistically. If our LWA operations framework works well, it will effectively control the behavior of HS users and lead to a fairer outcome.
In our simulation experiment, user groups showed different behaviors. For example, with the linear opportunistic cost (i.e., p t k x t k = x t k /a k as described in Table 4 below, We redefine the opportunistic cost, p k , in section III to a time variant opportunistic cost with traffic generation, p t k (v t k )), each user group should be recognized as statistically different segments over time (note that p t k usually depends on the amount of traffic volume that user k has generated until time t). The entire timeline of the simulations runs one month. Fig. 2 depicts snapshots of three phases: initial, middle, and final sequences. Here, the initial phase is set to the third day of a month, the middle phase to the 15 th day, and the final phase to the 27 th day. The figures show that most individuals, even if they choose a similar p t k 's in the early phase (see (a)) in the early stages, will be gradually clustered together (see (b) and (c)) and behave differently, depending on their groups. Furthermore, the following results confirm that the proposed algorithm guides well each group so that the users in the group can appropriately consume their contracted capacities
We also applied one-way ANOVA to the opportunistic cost data from different user groups (One-way ANOVA is a general technique that can be used to identify the functional difference of two more sample groups). The test results are summarized in Table 2 . The critical values in Table 2 indicate that the test statistics are large enough to reject the null hypothesis, thus arguing that the groups show no statistical differences at the 5% significance level. Thus, we can conclude that since each user group chooses a different opportunity cost (range), the difference becomes even greater as the users approach the end of the month. Fig. 1 and Table 2 also imply that the user groups proposed in Table 1 are well defined and exhibit distinct behavioral characteristics.
V. EXPERIMENTAL RESULTS
The experimental tests and analyses were carried out using NS-3, which is a discrete event simulator based on C++ and popular in this study area. The LWA system operates at a center frequency of 5,180 MHz with a bandwidth of 20 MHz.
The transport protocol is designated to UDP for pure data rate measurements. The WiFi operation in the LWA system is governed by IEEE 802.11ac. Each test sequence simulation ran for 30 s. Our analysis was carried on in the following environment (as shown in Fig. 3) . The interference environment is constructed with a single WiFi co-located at one eNodeB. The eNodeB is located at the center, and the LWA user equipment (UE) is uniformly distributed over a 5 m radius cell area. Twenty active UE per user group (i.e., a total of 80 UE) are located in the cell area. In addition, WiFi APs and WiFi stations (STA) are installed to ensure that additional interference occurs. An equal number of WiFi STAs (i.e., 80 STAs) are uniformly populated in the simulated cell area. The four additional WiFi APs are located outside the cell area in which the distance between the eNB and the WiFi APs is 15 m. Table 3 summarizes other environmental setups for our simulations. With these experimental settings and basic parameters, we conducted simulations to evaluate our proposed scheme for network resource management. In particular, we focused on two performance dimensions: the user group separation and the players' benefits.
First, user group separations not only indicate how well the resource management scheme can lead to differentiated behaviors by user groups, but also to evaluate how their responses are in line with the characteristics (as stated in their contract profiles) of the corresponding user segments. The previous Section IV has already shown the potential of the proposed scheme in this respect (refer to Fig. 2 and Table 2 ). This section, however, explores this potential more extensively using various types of opportunistic costs. In addition to the linear opportunistic cost function employed in Section III, another three functional types-convex, concave, and sigmoid-shown in Table 4 -are to be considered. The distributions of individual opportunistic costs are compared for user segments. Figs. 4, 5, and 6, respectively show three the plots of the sequential user segmentation processes for the convex, concave, and sigmoidal opportunistic cost types. As shown in Fig. 2 , the initial phase is set to the third day of a month, the middle phase to the 15 th day, and the final phase to the 27 th day.
All of the patterns in the figures above are similar to the previous Fig. 2 in general, except for some variations at the initial phases. For the sake of evaluation of the proposed algorithm, here again, one needs to check out whether user groups come to get properly separated or not around the end of the month (and thus, one may ignore the variations in the initial phases). Indeed, the patterns shown in the figures below indicate that the proposed scheme works well regardless of the types of opportunity cost functions. Table 5 summarizes the statistical significances through one-way ANOVA tests that statistically evaluate the differences among user groups for each opportunity cost function. Indeed, the overall outcomes present strong evidences that the four groups differ each other, thereby support that the proposed scheme successfully leads to appropriately differentiated behaviors according to users' characteristics. As for the benefits of the players, we first show how much benefits each user segment will earn from the proposed method. We define the benefits of user k by the ratio of the offered LTE bandwidth (r L k ) to the requested bandwidth (r k ): i.e. r L k r k , or fulfillment rate. Since the service quality of LTE is usually better than that of WiFi, this ratio properly serves as a proxy of the quality of experience that user k actually receives. Figure 7 depicts the average user benefits for each group-HL, HS, LL, and LS. We observe again that the user groups are effectively separated for all the opportunity cost functions. Furthermore, the users in the LS segment enjoy the highest benefits all the time, while the HS segment earns only the lowest benefit. These differences are considered fair since the LL users actually consume less FIGURE 7. User fulfillment rate. we measure everyday user satisfaction for one month. The LS group obtains highest satisfaction while the HL group has lowest satisfaction.
than the amount they can afford (thus, they deserve a better fulfillment rate), while the HS users generate more traffic than their contracted capacity budgets
Figs. 8 and 9 depict the performance comparisons between the proposed scheme and two other schemes from prior representative works: the delay-aware mode selection in the analytical channel access model [8] and the proportional fairness are based on log-scale objectives [11] . The results indicate that our approach yields better outcomes in terms of user benefits. Fig. 8 demonstrates that the average user fulfillment rate (i.e., the fulfillment rates averaged for all the users at each specific time) are enhanced compared to the two other schemes. Moreover, Fig. 9 implies that the user's dissatisfaction level defined by the LTE network as the gap between the requested and the offered bandwidth (i.e., r k − r L k ) is also the lowest in the proposed scheme (the numbers in Fig. 8 denote the sum of the dissatisfaction levels of all the users in the LTE network: i.e., k∈L (r k − r L k ).
VI. CONCLUDING REMARKS
Mobile operators running multiple network types need to provide users with the best service portfolios, while developing strategies to efficiently manage the entire network resources at the same time. The LWA system is one of the best options to establish a stable connection to users utilizing multiple access networks. For the sake of efficient and effective operations of the LWA system, we propose an access control and resource management scheme which improves both fairness and effectiveness by inducing balanced utilization of resources between LTE and WiFi and applying KSS to LTE resource allocation. In particular, we develop a twostage access control scheme for traffic management under the LWA system context. The top decision module of OLB-T effectively determines the network access for each user, and the bottom module of NBG-T calculates the resource allocations for those users in the LTE group. Moreover, we present a simple but effective algorithm based on the two-stage approach, together with a unique and effective scheme of user segmentation. Indeed, our simple yet pragmatic approach offers good experimental results in terms of both performance measures of fairness and efficiency while guaranteeing the users' high fulfillment rate. Furthermore, this novel approach can be extended to general multiple network environment under varying interferences. Despite the usefulness and potential of the proposed framework, it has the following limitations. First, we apply the user segmentation scheme to simple two-dimensional segmentation. The effect of segmentation is tested for only four group. We can simply extend to multiple dimensions to incorporate more sensitive user segmentations, but segmentation criteria need to be determined according to strict economic and technical significance. Second, the two-stage approach essentially focuses on the LTE resource usage. When the NBG-T determines the users' LTE resource allocation, the remaining user requirement (i.e. r k − π * k ) is simply directed to the WiFi network. This assumption will be more reasonable when considering high-performance Wi-Fi (e.g., over the 1Gbps capacity for each 802.11ac AP). However, WiFi is always subject to the possibility of access failure caused by unpredictable reasons. Our future work will address these issues and develop a more sophisticated scheme that can be applied to a more general network environment. 
